Category management is challenging for retailers that sell thousands of products across hundreds of categories and often lack the resources and capabilities to manage all of them intensively. Picking one supplier to be the category captain (CC) to manage the category -including rival's brandsthrough pricing and merchandising is a recent retail management initiative that aims at improving a retailer's overall performance in a product category. Despite tremendous retailer and manufacturer interest in CC and its adoption in the industry, much uncertainty exists about the consequences of CC. This paper empirically examines the role of CC by utilizing a unique data set on ready-to-eat cereals category, characterized by high concentration and market power, before and after the transition into category captain management. We find that after the transition, CC acted to improve its own market shares and those of private labels. A private label is designating a product under the name of the retailer rather than the name of the manufacturer and often offers higher profit margins for the retailer. In addition, CC improved its market shares by focusing on its core competency brands at the expense of some of its smaller brands while CC improved private labels' market shares through a uniform increase across all private label brands. Using estimates from a structural model, we find consumer welfare is increased by 8.8% after the transition into category captain management. JEL classification numbers: L1, L2, L4, L66
Introduction
As consumers, we do not often know who is behind the scenes of the food, beverages, beer, cosmetics and even bathroom necessities we pull from the retail shelves weekly. Who determines the price, shelf placement, and ads of the everyday products we buy? While the retailers control what, when, and how they stock their inventory, many also appoint industry-leading manufacturers, known as category captains (CC) , to analyze data, provide insights, and make merchandising recommendations for all products -including their rival's products-in their category.
Because many retailers lack the resources and capabilities to manage thousands of products across hundreds of categories, category captains are valuable resources for retailers to help them make decisions on product assortment, pricing, store layout, inventory stocking, marketing and other strategic initiatives to improve the category performance. Category captain, since its origin in 1990s, has now become a common practice for managing certain product categories for retailers in the United States, Many retailers and manufacturers practice category captainship and report positive benefits. To give but one example, Carrefour, the retailer, picked Colgate to be the category captain in the oral care category. Colgate conducted a number of consumer studies and suggested that Carrefour restructure its oral care displays to merchandise toothbrush products above toothpaste products, as opposed to next to each other. As a result of the restructuring, Carrefour reported a 6-16% sales increase.
Colgate's sales also increased (ECR Europe, 2004 ). These examples demonstrate that by working together, retailers can considerably benefit from their manufacturers' expertise in managing their categories and delivering consumer value through supply chain collaboration.
Given the power category captains hold, category captainship does raise impor- Ascertaining what would have happened in the absence of category captain is often difficult. We take advantage of a unique proprietary data set on the ready-to-eat (RTE) cereals from a U.S. national retailer containing information on prices, quantities, revenues, product characteristics on 590 products from 202 distinct brands owned by 18 firms for a period of 95 weeks, where the RTE cereals category tran-sitioned into category captain management on the 46th week and Kellogg's Co. became the designated category captain for the remaining 50 weeks. We are able to address a number of questions regarding the roles played by the category captain.
The RTE cereal industry is characterized by high concentration and high price-cost margins. These facts have made this industry a classic example of a concentrated differentiated-products industry in which consumers are willing to pay a premium for their favorite brand, and firms take imperfect substitution between their brands into account when making pricing decisions (Nevo 2001) . There is no better industry to study the effect of category captain given the market powers held by a few firms in the cereals industry.
In addition to examining the effect of CC after the transition into category captain management, this data set also allows us to study the effect of CC on private labels. Private label is designating a product under the name of the retailer rather than that of the manufacturer. Private labels are seeing a worldwide surge in availability and market share as consumers tend to shift from national brands to significantly lower priced private labels. According to the Private Label Manufacturers Association, sales of private label food and beverage products topped $115 billion and represent 17.7 percent of dollar share and 21% of unit share in the U.S. in 2014. Private labels are viewed as a potent and profitable weapon for retailers because they may offer higher profit margins, provide leverage to negotiate better deals from brand manufacturers, and build consumer loyalty to retailers' stores (Ailawadi and Keller 2004) . Although private labels play a major role in determining the overall performance of retailers, at the inception of the category captain management in the early 90s, private labels were generally ignored by CC.
For example, in 1994, only half of the category captains mentioned private labels in their category management proposals (Progressive Grocer, December 1994, page 46, 49). Because private labels are crucial to the retailer, it has been suggested that retailers coordinate with CC to promote private labels via category captain management. No empirical work on CC have studied the link between CC and private labels. In our paper, we directly address how private labels fare when the product category transitions into category captain management.
To measure the effect of CC, we compare changes in market shares and prices of products that were differentially affected by the transition into category captain management. This allows us to control for alternative factors that may have affected market shares across products, such as retailer promotions or holidays (Srinivasan, Pauwels, and Hansses 2004, Waters and MacKenzie 1988). Market shares are measured at the product level. All products were affected by the category captain management, but only some products belonged to CC. In addition, we know the identity of private label products. Therefore we are able to study the effect of category captain management on private labels as well. Since prices are endogenous, we instrument prices with typical cost shifters that are uncorrelated with the demand shocks as follows, sugar price, electricity price, gas price, corn price, wheat price, and labor costs. In addition, in line with instruments used in Berry, Levinsohn and Pakes (1995), hereafter BLP (1995), we use observed exogenous product charac-teristics such as the sum of sugar content in products produced by the same firm, and the sum of sugar content in products produced by other firms. These BLP instruments vary over time because the observed characteristics, such as calories, carbohydrates, proteins and sugar content, vary over time. The leading manufacturer in the product category with the highest market share is often chosen to be the category captain. Therefore, CC is also endogenous. We use the cost shifters and BLP exogenous product characteristics described before to instrument for CC as well.
First, using a difference-in-differences method, these data reveal a substantial increase in market shares for CC and private label products under category captain management. This is mainly driven by a decrease in prices for products in CC and private labels.
1 Under category captain management, the market share for CC is increased by 3.3 percentage points, a 9.3% increase from its overall market share. The market share for private labels is increased by 0.9 percentage points, or a 8.4% increase. Multinomial logit and nested logit based on consumer theory reveal similar results. Using a random coefficient logit model to allow for the most flexible substitution patterns among different products (BLP, 1995), we find that CC acted 1 We recognize that a triple difference-in-difference method is more convincing in the empirical investigation of category captains. However, we do not have access to data on another retailer who had not adopted category captain management during the sample period and in the same category. Even if we did, if the retailer is different, one could argue that there exists observable and unobservable time varying retailer characteristics that may lead to bias in the estimations. For the same reason in data limitation, we are unable to examine the role of category captains in other categories. However, we still believe our work is a significant contribution to the literature by first empirically establishing the role of category captains in pricing and market shares. Basuroy, Kim and Shen (2016) further explores the role of category captain on decentralized assortment planning.
to improve its market share and those of private labels. Welfare analysis is often needed in evaluating antitrust cases. We are able to do welfare analysis based on the estimates obtained from the structural model and find that consumer welfare is increased by 8.87% after the transition into category captain management. In dollar terms, a consumer is willing to pay up to $1.69 to have the category captain in place. We also find that CC increased its market share by focusing on its core competency products, namely its top two brands. Private label brands, on the other hand, enjoyed an universal uniform increase in market share across different brands.
To our knowledge, our research is the first empirical investigation on the role of category captain. Much of the research on category management in marketing and operations has focused on the theoretical models of category captain due to lack of data. For example, using theoretical models, Subramanian et al. studied the role of information firewalls, however their data set did not allow them to observe the identity of CC. CC arrangements are often only known within the boundaries of a specific retail organization due to antitrust concerns (Morgan et al. 2007 ). In order to study the overall performance of the product category and the performance of each brand within the category under CC, one needs data before and after the product category has transitioned into category management with the identity of CC known. The unique data we have allows us to directly address the role of CC.
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The remainder of the paper is organized as follows. Section 2 describes the data. Section 3 presents our empirical strategy. Section 4 reports the results. Section 5 concludes and discusses limitations of our study and directions for further research. 2 We recognize that a triple difference-in-difference method is more convincing in the empirical investigation of category captains. However, we do not have access to data on another retailer who had not adopted category captain management during the sample period and in the same category. Even if we did, if the retailer is different, one could argue that there exists observable and unobservable time varying retailer characteristics that may lead to bias in the estimations. For the same data limitation reason, we are unable to examine the role of category captains in other categories. However, this is the best available data on CC so far and we believe our work is a significant contribution to the literature by first empirically establishing the role of category captains in pricing and market shares. Basuroy, Kim and Shen (2016b) further explores the role of category captain on decentralized assortment planning.
Data
We use weekly level data on the RTE cereal category from a national retail chain operating in more than a dozen states in the U.S. The RTE cereal category is a major product category in every retail chain in the U.S. According to The NPD Group Inc., a market research company, U.S. retail sales of RTE cereals stood at Because prices are endogenous, we collected data on potential marginal cost shifters at the national level to instrument for prices. These marginal cost shifters include the prices for sugar, corn, and wheat, the key ingredients in the manufacturing of cereals; labor costs; and gas and electricity prices.
Empirical Strategy
We first use a reduced form difference-in-differences method (DiD) to compare changes in market shares and prices of products that were differentially affected by the transition into category captain management. Next, based on a consumer behavioral model, we use a multinomial logit to estimate discrete-choice demand.
However, multinomial logit relies on the IIA (Independent of Irrelevant Alternatives) assumption, which assumes consumer's tastes are independent across products giving rise to restrictive substitution patterns that a price decrease in product a attracts proportionate change of demand from all other products. We then use a nested logit to allow correlations in consumer tastes among products in pre-specified groups. Lastly, we use a random coefficient logit (BLP 1995) to allow for the most flexible substitution patterns among products. As Chintagunta and Nair (2011) pointed out, the use of structural models, derived from micro-foundations of consumer behavior, allows us to study counterfactuals such as the change in consumer welfare in absence of category captain management.
Difference-in-Differences Method

Market Shares
Products belonging to different firms are differentially affected by the transition into category captain management. In the baseline specification, the dependent variable Y f kjt is the market share of product j in brand b owned by firm f at time t and is defined as revenue f bjt / J j=1 revenue f bjt :
where P OST equals 1 after the retailer transitioned into category captain management (P OST = 1for t = 46, ..., 95), CC equals 1 if the product is owned by the category captain, and P L = 1 if the product is a private label from the retailer. The key remaining problem is that prices are endogenous and the category captain is not randomly chosen. In fact, category captain is often the dominant manufacturer in the category with the highest market share. To address this issue, we use the following cost shifters that are uncorrelated with the demand shocks to instrument for prices and CC: sugar price, electricity price, gas price, corn price, wheat price, and labor costs. In addition, following the strategy proposed by BLP (1995), we use observed exogenous product characteristics such as the sum of calories, carbohydrates, proten and sugar, respectively, in other products produced by the same firm, and the sum of each in products produced by other firms. These BLP instruments vary over time because the observed characteristics, such as calories, carbohydrates, proteins and sugar content, vary over time.
As a difference-in-differences estimator γ 1 and γ 2 are subject to a number of limitations: most importantly, γ 1 and γ 2 are only consistent if differences in market shares between products belonging to CC, private labels and other companies that are not due to the transition into category captain management remain constant over time. A potential challenge to the difference-in-differences strategy is that differential changes in market shares may be driven by preexisting differences in the time trends. In other words, products owned by CC and private labels that were affected by the transition into category captain management may have experienced an increase in market shares after the transition due to differences in time trends
The error term for Frosted Flakes is likely to be correlated with the error term for Cheerios. In addition, error term for Frosted Flakes in week 48 is likely to be correlated with the error term for Frosted Flakes in week 49. Cameron and Miller (2013) suggested the use of feasible GLS and results using feasible GLS are very similar to those in Table 1 and are available upon request.
that preceded the transition. To address this, we allow δ 1t and and δ 2t to vary across products belonging to CC and private labels prior to the transition into category captain management,
where preT = 1, ..., .45 before the transition into category captain management and 0 afterwards. θ t captures the year fixed effects controlling for a preexisting time trend δ 1t * CC i * preT and δ 2t * P L * preT for CC and private labels, repsectively.
An alternative specification controls for firm-specific linear time trends:
Prices
In this section we use the same DiD approach outline in the previous section to study the effect of category captain on prices. In the baseline specification, the dependent variable in equation (1) is prices, and prices no longer show up on the right hand side of the equation.
Discrete-Choice Demand Based on Consumer Theory
There are J alternatives (products) in the RTE cereals category, indexed by j = 1, ..., J. Each consumer i allocates her income y i on at most one of the alternatives and an outside good denoted by j = 0 in each week, indexed by t = 1, ..., T .
Following previous research, we assume prices result from a weekly game between retailers and manufacturers (e.g. 
Multinomial Logit
The utility of consumer i if she were to buy product j at time t is given by the following equation:
where y i is the income of consumer i, and α is the marginal utility of income. p jt is the price of product j at time t.
4 X jt contains a product's observable characteristics such as the number of calories, carbohydrates, protein, and sugar per serving, and box size. β captures the influence of the observed product characteristics. ξ jt is the unobserved product characteristics (e.g. shelf space). Similarly as before, P L is an indicator variable equal to 1 if the product belongs to the private labels of the retailer. CC is equal to 1 if the product belongs to the category captain. P OST is equal to 1 if the category captain management takes effect.
Although consumers often do not know who is behind the scenes of the products they pull from the retail shelves weekly, their utility can be affected by changes
proposed by the category captain after the transition into category captain management. In the Colgate and Carrefour example, Colgate (CC) suggested that Carrefour (retailer) restructure its oral care displays to merchandise toothbrush products above toothpaste products, as opposed to next to each other. The restructuring of displays of products may have affected consumer's utility, and is captured by the main effect of P OST in equation (4), which is absorbed by the time fixed effect. In addition, if CC's recommendations are specific to products of its own after the transition (such as placing its products in the middle shelf or other strategic initiatives not observed by the researchers), this effect on consumer's utility is captured by γ 1 .If CC's recommendations are specific to private labels, this effect on consumer's utility is captured by γ 2 .
ε ijt is the error term and represents all else that affects consumer i's choice of product j, but is not observed by the researcher. The probability that consumer i buys product j is her demand function D ijt (p ot , ..., p Jt , y it ) = Pr ob{ε i0t , ..., ε iJt :
u ijt > u ij t for j = j}.ε ijt is assumed to be distributed i.i.d. with type I extreme value function, then the probability of choosing product j is
where v ijt = u ijt − ε ijt . Normalizing v i0t = 0, the probability of choosing product j at time t is aslo the market share of product j at time t, denoted by
We can then write v ijt = log s jt − log s 0t , i.e.:
As in Nevo (2001) and BLP (1995), market share in the discrete-choice structural model is defined as the quantity of product j divided by the total potential quantity in a week. This potential is assumed to be one box per capita per week and therefore is measured by the population in each week. The market share of the outside good is defined as the difference between one and the sum of inside goods market shares.
We use the same set of instruments for prices and CC and for robustness checks, we include preexisting time trends and firm-specific time trends as before.
Nested Logit
A restrictive implication of multinomial logit is that the odds ratio (the ratio of two choice probabilities) between any product j and j does not depend on the number of alternatives available, or the IIA (Independence of Irrelevant Alternatives). IIA implies restrictive substitution patterns. For example, a price decrease in product
Cheerios would lead to an increase in quantity demanded for Cheerios. However, 5 The probability of choosing product j requires u ijt > u ij t for all j = j . This is equivalent to requiring v ijt − v ij t ≤ ε ijt − ε ij t . Since y it enters v ijt and v ij t , it is cancelled out. Therefore, y it does appear in equation (5) .
the IIA feature implies that the quantity demanded for all other products would decrease proportionately. This may be unrealistic because one might expect that the demand would decrease more for a close substitute of Cheerios (such as Honey Nut Cheerios) and less from others (such as Kellogg's Frosted Flakes). Nested logit assumes particular correlation structure between the error terms: within-group products are closer substitutes than across-group products. We divide products based on the firms they belong to into 4 groups, Kellogg's (CC), General Mills (known for its brand in Cheeriors), private labels, and others. 6 Consumers first have to choose one of 4 groups, then choose a product within the group.
Random Coefficient Logit
Nested logit model assumes that the substitution patterns within a group are the same. To allow for the most flexible substitution patterns across products, consumer i's utility from product j at time t is:
where ε ijt is still i.i.d. with type I extreme value function, therefore the underlying model is still logit. However, now the coefficients α i , β i , γ 1i , γ 2i , and γ 3i dif-fer across consumer i. t is a linear time trend and θ b is the brand fixed effect.
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In the Colgate and Carrefour example, placing toothbrush products above toothpaste products as opposed to next to each other is allowed to have different effect on different consumers (allowing γ 3i to vary across consumers). Assume the coefficients are distributed across consumers according to a normal distribution
The coefficientsᾱ,β,γ 1 ,γ 2 , andγ 3 reflect the average utility for each variable. For tractability, we assume Σ is a diagonal matrix (Nevo 2001 ).
Hence, in this model, market share is not equal to consumer-level choice probability. In fact, market share is the integral of consumer-level choice probabilities.
Consumer-level choice probability can be written as:
8 and market share s jt can be written as:
The random coefficient logit model allows for flexible own-price elasticities, which will be driven by the different price sensitivity of different consumers who purchase the various products, not by functionalform assumptions about how price enters the indirect utility. Second, since the composite random shock, µ ijt + ε ijt , is no longer independent of the product characteristics, the cross-price substitution patterns will be driven by these characteristics 7 We cannot use time fixed effect in this model because there is not enough variation in the data. Nevo (2000) and BLP (1995, 1999) suggested using linear time trends in place of time fixed effects. In addition to including the linear time trend, we include weekly characteristics such as whether the week contains national holidays in X jt .
8 where v jt respresents the mean utility: v jt = X jtβ −ᾱp jt +γ 1 P OST t * CC f +γ 2 P OST t * P L f +γ 3 P OST t + ξ jt + θ b + t. µ ijt captures the effects of random coefficients:
as well.
We use the simulated method of moments with instruments (BLP 1995 , Nevo 2001 ) to estimate the parameters of the model described in equation (6) . To ensure a global minimum, we use random starting points, select the lowest objective function value, and then take random perturbations from this value as new starting point. We employ Newey-West algorithm to obtain consistent standard errors of the parameter estimates.
Results
DiD Results
We begin the analysis by first reporting the OLS estimates of equation (1) for market shares, which are presented in Table 2 column 1. The estimated coefficients for P OST * CC and P OST * P L are zero and the coefficient for prices is negative.
Because both prices and CC are endogenous, we instrument prices and CC with cost shifters that are uncorrelated with the demand shocks and the sum of exogenous product characteristics outlined in the previous section. Column (2) to (4) report 2SLS estimates of equation (1). The 2SLS estimates for prices are negative and significant in all specifications. According to the estimates controlling for product characteristics, brand fixed effects, and time fixed effects reported from column (2), an one percent increase in price decreases the market share by 0.4 percentage points, an effect that is statistically significant at the one percent level. Under category captain management, the category captain is able to increase its product's market share by 3.3 percentage points and increase the market share of private labels by 0.9 percentage points. These effects are statistically significant at the one percent level, but also economically significant. The average market share for Kellogg's is 35.5% and 10.7% for private labels. Kellogg's, by becoming the category captain, is able to increase its market share by 9.3%, and increase the market share of private labels by 8.4%. Column (3) controls for preexisting time trends for CC and private labels specified in equation (3), and column (4) controls for firm-specific linear time trend specified in equation (4). The coefficients for the interaction terms and prices remain significant and stable. To assess the plausibility of this effect, it is useful to compare the magnitude to estimates from other studies. However, due to lack of data, researchers were restricted to only using theoretical models to speculate the behavior of CC after transitioning into category captain management (Desrocher, Gundlach and Foer 2003). Gooner, Morgan and Perreault Jr. (2011) had hypothesized that CC has more to gain in a product category with a high strategic importance. They surveyed retail store managers and RTE cereals is ranked 6th in terms of strategic importance among 35 product categories and they find strong positive correlation between the lead supplier's influence, category management intensity, and lead sup-plier's performance. 9 CC has a lot to gain in our reduced form estimates after the transition into category captain management, lending support to their hypothesis.
We next turn to the estimates of equation (1) to (3) for prices to study the channel through which the category captain can affect market shares. Results are presented in Table 3 . Table 3 column (1) reports the OLS estimates of equation (1).
Column (2) to (4) report the 2SLS estimates of equation (1) to (3), respectively.
Focusing on the 2SLS estimates, prices for CC and private products decreased after the transition into category captain management. Using estimates from column (2), transition into category captain management is associated with a $0.20 decrease in price for CC's products and $0.05 decrease in price for private labels. The average price for Kellogg's products is $3.18, and for private labels is $2.44. The estimates from column (2) suggest a 6% decrease in price for Kellogg's products and a 2% decrease in price for private labels. Since private labels were already sold at lower prices than other national brands before the transition, it makes sense that the decrease in price for private labels is smaller than that of Kellogg's after the transition. Taken these reduced form estimates, a $0.20 decrease in price for CC's products translates into an increase in market share of 2.8 percentage points, suggesting that the decrease in price explains 85% of the increase in market share for Kellogg's from the transition into category captain management. For private 9 Lead supplier's influence is measured by retail managers' response on a series of questions related to if the lead supplier has significant responsibility in setting goals, planning marketing initiatives, influencing how other suppliers' products are marketed, etc. Category management intensity is measured by the retail managers' response on the amount of work done by the manager and suppliers in the category on analyzing pricing, evaluating private label products, determining the impact of special displays, etc. labels, a $0.05 decrease in price is associated with an increase in market share of 0.7 percentage points, explaining 78% of the increase in market share for private labels from the transition into category captain management.
Discrete-Choice Demand Estimation
The estimates reported up to this point are based on reduced form estimations, to properly estimate demand, we now turn to multinomial logit to estimate discrete choice demand functions. Table 4 reports the estimates from equation (4) using multinomial logit. Column (1) reports the estimates without instruments. Column (2) to (4) report the estimates from instrumenting prices and CC. Column (2) reports the baseline specification in equation (4) . Column (3) controls for the preexisting time trends for CC and private labels. Column (4) controls firm-specific linear time trends. Estimates from column (2) to (4) are in the same direction as those in Table   2 . CC and private label products have more to gain in market shares than other products.
However, these estimates rely on the IIA assumption, or that the odds ratio of product j and j does not depend on the number of alternatives. This assumption may not be very realistic because often within-group products are closer substitutes than across-group products. We divide products into 4 groups based on the firm products belong to: Kellogg's, General Mills, private labels, and others. When buying cereals, consumers first chooses a group, then decide which product to purchase within the group. We report the nested logit results in Table 5 . Column (1) reports the estimates without instruments. Column (2) to (4) report the nested logit estimates with instruments. Exponentiating the estimates from Column (2), the odds ratio for CC products relative to the outside option after the transition into category captain management is 1.38 and the odds ratio for private label products relative to the outside option after the transition is 1.11. The IIA assumption implies that if part of the choice set is truly irrelevant with respect to the other alternatives, omitting that subset from the multinomial logit will not lead to inconsistent estimates.
Therefore, we can test the IIA assumption with the Hausman test. We reject the IIA assumption at 1% level.
Nested logit model assumes that the substitution patterns within a group are the same. To allow for the most flexible substitution patterns across products, we estimate equation (6) using a random coefficient logit model (BLP 1995). Estimates are reported in Table 6 . 10 The estimate on the standard deviation of price is statistically insignificant, suggesting that the heterogeneity in the price coefficient is mostly explained by the included controls, namely the brand fixed effect. Unlike multinomial or nested logit models, the random coefficient logit model does not have a closed form solution. The market share of product j at time t can be computed by integrating the individual market share across consumer i by weighting each consumer i by her probability in the population by simulation. Product j's own price elasticities in market share across consumers are negative and elastic. The distribution of product j's own price elasticities is depicted in the Figure 1 . The average own price elasticity is negative and elastic. The cross price elasticity of market share of product j with respect to the price of product j , where j = j , is computed and the full set of cross-price elasticities is available upon request. Table 7 report the top three median cross price elasticities for the top two brands in Kellogg's, General Mills, and private labels, respectively. All of the cross-price elasticities are positive and inelastic, suggesting that products are not close substitutes across firms. Based on the cross-price elasticities, Kellogg's closest competitor is Pepsi Inc (Quaker products) followed by General Mills. 11 General Mills' closest competitor is Kashi products from Kellogg's followed by private labels. Lastly, private labels' closest competitor is Kellogg's. 12 The price regressions in Table 3 suggest a decrease in price for Kellogg's and private labels after the transition into category management. Since Kellogg's closest competitor is Pepsi Inc followed by Bran Regular Wheat Bran. Therefore, for a decrease in price, Kellogg's products have more to gain from other competitors than private label products, therefore a bigger increase in market share for Kellogg's products than that of private labels after transitioning into category captain management, confirming the reduced form results.
Robustness Checks
In this section, we provide additional evidence for the validity of our identification strategy by undertaking three falsification tests. In the first test, we use the first 45 weeks of data, and construct a placebo time for the transition into category captain management, i.e. P OST 20 = 1 for t = 21, .., 45 and P OST 20 = 0 for t = 1, ..., 20.
We then estimate equation (3) for market shares using DiD, and multinomial logit and nested logit. In addition, we estimate equation (3) for prices using DiD as well.
If our identification strategy is valid, then P OST 20 * CC and P OST 20 * P L should not have the same relationship on market shares as P OST * CC and P OST * P L from before. The results of the falsification tests are reported in Panel A Table 8 . Column
(1) to (5) instrument for CC and prices and control for brand and time fixed effects.
Column (1) reports the estimates for equation (3) where the dependent variable is market shares using DiD. Column (2) reports the estimates using multinomial logit. Column (3) reports the estimates using nested logit. Column (5) reports the estimates for equation (3) where the dependent variable is prices using DiD.
The coefficients in all columns are insignificant. Overall, the estimates provide confirmation of the validity of our estimation strategy.
In the second test, we construct a placebo category captain by randomly assigning 34 brands to be the category captain. 13 We report the estimates in Panel B Table 8 . The results are insignificant in all columns except column (2) . This may be driven by the IIA assumption in multinomial logit and therefore we should interpret results from multinomial logit with caution.
Consumer Welfare
We can calculate changes in consumer welfare from equation (6) before and after the transition into category captain management. Consumer welfare is increased by 8.87% after the transition into category captain management. The estimate from Table 6 suggests that the marginal utility of money is 5.261. This implies that a consumer is willing to pay up to $1.69 to have the category captain in place.
Winners and Losers Within the Firm
After the transition into category captain management, both CC and private labels stand to gain in market shares. CC and private labels have many brands and we now look at how each brand is doing after the transition into category captain management. We estimate equation (5) using nested logit by replacing P OST * CC and P OST * P L with the full set of P OST * CC * θ b and P OST * P L * θ b , respectively, where θ b is the brand fixed effect. 14 This allows us to detect the winners and losers within the firm after the transition into category captain. We report the results for the top five brands in CC and private labels in Table 9 . Results for all the brands are available upon request. For private labels, each brand in the top five brands has similar increase in market share. 15 However, this is not true for CC's brands.
Frosted Flakes and Raisin Bran within Kellogg's experience an increase in market share whereas the other three brands experience a decrease in market share after the transition into category captain management. Frosted Flakes and Raisin Bran alone account for 22% of Kellogg's market share. Results from Table 9 suggest Kellogg's focused on increasing the market shares of its main products at the expense of some of its minor products, given the overall effect on market shares is positive.
This difference in the distribution of gains in market shares between CC and private label brands under category captain management could be a result of CC promoting its core competency products, whereas CC cares less about which brand is to gain within private labels as long as private labels as a whole increases in market share.
This lends support to the theory that CC is evaluated by the retailer based on its ability to improve the category performance, and at the very least the performance of private labels, because private labels are an important source of revenue for the retailer. We study the winners and losers in more detail in Basuroy, Kim and Shen 14 We used nested logit for the triple interactions because estimated coefficients for P OST * CC and P OST * P L from Table 5 column (4) are not significantly different from those in Table 6 and estimating the triple interactions using BLP method is prone to cause convergence problems (Nevo, Turner and Williams 2016) . 15 For private label brands not reported in Table 9 , the estimates are all close to 0.01, some are less statistically significant than others.
(2016b).
Conclusion
This paper uses an unique data set to examine the role of category captain after the retailer transitioned into category captain management. Data on product level market shares reveal that after transitioning into category captain management, category captain increased its own market shares and those of private labels. These results are robust to a variety of alternative tests: including controls for preexisting time trends and firm-specific time trends, placebo tests for the time to transition into category captain management and for assigning random brands to be the category captain. Estimates from the reduced form difference-in-differences specifications suggest that category captain acted to promote its own products and those of private labels. Category captain increased its market share by 10.7% and increased the market share of private labels by 8.4%. The increase in market share for category captain and private label products is mainly driven by a decrease in price. Estimates from nested logit and random coefficient logt specifications suggest that the odds ratio for category captain products relative to the outside option is between 1.38 and 1.60 and the odds ratio for private label products relatives to the outside option is between 1.07 and 1.33 after transitioning into category captain management.
The benefit of using the random coefficient logit (or BLP) is that it allows for the most flexible substitution patterns among products and we are able to compute the full set of cross-price elasticities. Category captain products have higher crossprice elasticities with other products than Generals Mills and private labels. This implies that for a same decrease in price, Category captain products have more to gain than other firms' products. In addition, using estimates from the structural random coefficient model, we compute a 8.87% increase in consumer welfare after the transition into category captain management. In dollar terms, a consumer is willing to pay up to $1.69 for a category captain. We also find that the increase in market share for CC and private label brands come from different sources. CC increased its market share by focusing on its core competency products, namely its top two brands. Private label brands, on the other hand, enjoyed an universal uniform increase in market share across different brands.
Discussion and Managerial Implications
Category captains are working with retailers nationwide and making important decisions for retailers. National brands covet category captainships as a crucial part of their business strategy (e.g., Clorox 2010). While the category captainship arrangements have emerged as the dominant mode of retail category management, there is very limited empirical examination of this pervasive phenomenon in the marketing literature. Our research represents one of the first steps in this direction aiming to document the roles of the category captain and its impacts on competing brands.
We provide a utility-based analysis on the use and impact of category captain arrangement. Our findings help explain how a retailer might benefit from adopting category captain management.
Limitations
Nijs, Misra and Hansen (2013) write: "To date, researchers have not had access to detailed archival data on CC arrangements because of antitrust concerns. The lack of data, scarcity of research, and limited transparency of CC arrangements imply that ... it is impossible to empirically determine how manufacturers and retailers will share the gains from a CC arrangement." (p. 80). Our research fills that gap by utilizing a national retailer's data for RTE-cereals category in which the identity of CC is known and the RTE-cereals category went through the transition into category captain management in the sample period. Our data has its advantages but is also limited because it is only from a single product category and from a single retailer.
We could learn more about CC if more categories were analyzed. We could do triple difference-in-differences if we had data on more categories from a single retailer, or data on another retailer that did not adopt category captain management during the sample period in the same category. However, it is very hard to acquire those and given the data we have, we are able to empirically establish the role of category captain in a category that is highly concentrated where manufacturers have high market power.
The results of this study suggest several important avenues for future research.
The first is to complete the structural model with the supply side and estimate cost parameters. In Basuroy, Kim and Shen (2016a), we add the supply side and are able to estimate the marginal costs for each product by recovering firms' markups using demand estimates. 16 Estimating structural parameters for both demand and supply functions allows us to perform counterfactuals. Based on estimates from structural parameters, we are able to answer in absence of category captain management, what would've happened to the category performance and firm profits. Basuroy, Kim and Shen (2016a) find preliminary evidence that category captain is one for all and serves to increase all products' market shares by reducing the market share from the outside option. We also do not take into account the entry and exit of products in this paper. We study product assortment, or entry and exit behaviors, under category captain management in Basuroy, Kim and Shen (2016b). However, before moving on to the supply side, it is important to first establish what happens on the demand side. In this paper, we find that under category captain management, CC acted to promote its own products and those of private labels.
In conclusion, our study takes a small first step toward the larger goal of understanding the role of category captains. Much more research is needed on the topic. 16 Estimating the supply side and thus recovering the marginal costs require some assumptions on the firm's profit maximization problem. In Basuroy, Kim and Shen (2016), we first assume that a firm draws from an i.i.d distribution to become the category captain in each period. Later, we relax this assumption and the probability of becoming the category captain follows an AR(1) process. (2) to (4) use cost shifters and BLP exogenous product characteristics to instrument for prices and CC. Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. (2) to (4) use cost shifters and BLP exogenous product characteristics to instrument for prices and CC. Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. (4) is prices. Column (1) to (5) use cost shifters and BLP exogenous product characteristics for prices and CC. All columns include controls in Table 2 column (4). Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. Table 2 column (4) 0.001*** 0.000*** 0.000*** (0.000) (0.000) (0.000) Carbohyrdates -0.002*** -0.000*** 0.000* (0.000) (0.000) (0.000) Box size 0.001*** -0.000*** -0.000*** (0.000) (0.000) (0.000) Protein -0.006*** -0.003*** -0.000*** (0.001) (0.000) (0.000) Sugar -0.004*** -0.003*** 0.000*** (0.000) (0.000) (0.000) BLP instruments: characteristics from the same firm Calories -.012*** 0.000*** 0.000*** (0.000) (0.000) (0.000) Carbohyrdates 0.044*** -0.000*** 0.000* (0.001) (0.000) (0.000) Box size -0.012*** -0.000*** -0.000*** (0.005) (0.000) (0.000) Protein 0.069*** -0.003*** -0.000*** (0.002) (0.000) (0.000) Sugar 0.034*** -0.003*** 0.000*** (0 
